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Abstract To address the challenges of using high-resolution pavement images as input for existing convolutional
neural network models and the inability of existing preprocessing algorithms to effectively perceive and retain
information from low-ratio distress regions in original pavement images, a novel architectural unit called adaptive
perception module (APM) paying greater attention to pavement distress region is proposed with the help of visual
interpretation techniques, which achieves a rapid and accurate detection of pavement distress in high-resolution
images and could be used to build a software system for automatic detection of pavement distress based on computer
vision. Firstly, big kernel convolution and residual operations are used to reduce the origin image resolution and get
the low-level but rich feature representation. Secondly, attention mechanism is developed to perceive and activate the
region of pavement distress and filter the irrelevant background pixel noise. By means of joint learning, APM training
could be completed without additional cost. After the visual interpretation method is used to aid the selection and
design of the specific structure of APM, experimental results on the latest public dataset CQU-BPMDD show that the
proposed APM significantly improves the classification accuracy, up to 84.47%. Experiments across different datasets
CQU-BPDD demonstrate the generalization and robustness of APM. Code is available on https://github.com/Li-Ao-
Git/apm.

Key words pavement distress detection; explainability; adaptive perception; attention mechanism; joint learning
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Fig. 2 Overall framework of pavement distress detection model

&l 2

APM F1 Backbone K 1 Hk G 2% 2] (1 )7 #4711 2k
APM 5k 22 S H I H T DK 52 B 3 se kAT

i 2, APM 2K ¥ 5 /0 3 257 B Ak 454, 8 APM 11

%y 1 3t A4 Backbone BT 7 (4 K /)N, S 3 R4 B Hb

S TR 2 ARG A 4 (A 48

fx A 2 B 1T 2 Backbone 2 i
2.2 APMigit

APM 5 2 D IIRE: — & M AR A B 1) 43 B %
TR A R T XA DG R

0o {Hin +2 X padding — dilation X (kernel_size — 1) N IJ
o stride ’ D
Wiy + 2 X padding — dilation X (kernel_size —1)
Wout = - +1].
stride

R SCIE 2o VA A A A 1 S B0k AR S A B
153 HE R B BRI ] = (D) s, Ho,
Hin, Wi 53590 327 i A EIG0 85 FE TN S8 B 5 Houe, Woud 77
1) 2% i B R 0 1 N BE B padding %R R1& i
R T T K dilation 3% 7R 46 U ik 2 5L kernel_size
RN BTN KN stride R /m BRI K. X & padding =
0, dilation =0, stride =2, ¥4 1 UL B Hoyy Wy 5393
54k N R Hi, W, 1 1/2, DU 3K 2R SR A 1Y
ROR.

LR AT AR (55 7 3R A F H bR X, 2o
B JC O TT 5 XA, 18 58 RR I R AE R OR AR SUAE B
B AT N SR [ T X

[% 2 H1, ConvBlockl #11 ConvBlock2 3k Ht Jit 44 K
BRAERAE R, b T e R AR R AR IO R A
I B, ConvBlockl SR 13x13 1 5 B, &
BRUERK A 2, B A 2 148%3 692 RG34 4 1.069x
1841, ConvBlock2 W # — 54 = 38 18 %k & 32. Z J5 F
FH 224 ik i % 2% Bt (residual block ) 35 HCEE Sy 4= 5 1 4%
ik 227 14 [ Bsf F — 25 B AR R AF 1) 4 B s . T
CBAM Xf & R AR 3547 2R £5 , SR J5 3 4F ConvBlock3
il ConvBlock4 >f B 1% JH i, i R A R, AT 7E
REATG RIS 43 3 23R 11 T) Ao JR 4 B o 7 DXl AH G 15 B
221 BibER AR

AR W27 2] A B A i, AR 22 M 4% Al B AR R — &
1) AR AR A 2 2 T B A A R TR, AN ] ) B AR A

AT (1 190 2% )22 7 B2 RSO AR 2 A A IR AR R,
BRI g F T 0 B RRRAE 3R . Bk 22 MR 1 — R 2
i 3(a) s, 1 RSB SRAEE D RE, AS SCHE
Il 3(a) BYFEAL L3 INT SRAEIRAE, A01E 3(b) B,

PRfEEAR PREEAR
It Lt
b e
v v
PRifEE AR PRifEE AR
LMt Lt
ﬁTE %TE
L %tuf%*u | %ﬂufﬁu |

(a) A2 =L (b) Btk ZELE

Fig.3 Residual module
3 skt

APM FI LA In 22 A5k 22 3, A 3% 22 Bl g A
PG AR SRy SR Y 172, AR SCH n=2, 38 3 2 J2 ik 3k 2
G KL K R AIE 4 BN 321 069x1 841 1 4% Oy 32x267x
460. 5k 2= 45 TR R R R S (2)

Res(Fiy) =BN(Convs,;(6(BN(Convsys(Fin))))+

Sample(Fy,)), 2
H L RN R 2Z B A, ConvFn BRERAE, Ths
s B R R T, BN 7R it #L7 4k (batch normali-
zation), 63/~ LeakyReLU 315 PREL, Sample(F;,) N 3%



706

HENTR SR E 2024, 61(3)

IR X A HEAT R SR FEERAE, A SCH Sampleisk $5 XUST
R KR
222 CBAM #Hk

CBAM #5% Yo 40, 7 38 18 19 55 ) A s R 0 24>
T, BARSE il 4 Fros . 38 8 s B
(1R 2 YOI T P ) 3 T R AR 25 S8 B A ] 6 T
(1 3 2 e R AN ), L3 BB R ik J v 9 4 3 1 AR
e SRS W e 53 v =R (o i w el F e N T E
TR B 6% A6 ) L A (] 1) R AR AR X, 07 32 S 0 3 2% R
SRR A B A, BIVRT B B R ) 8 G SRR AR 28 (]
T BT g T A O X I A 2 (R B AT IR SR,
L TE TN A OC Y 2 (Rl

I TE T A )X N F 2R AT S ORI AR NP 4
643 30 £ B 5 AT S B R AR E R, A B 2 MR
X132 F) 38 T 41 38 40 B, R R 1 A B S 520 2 )2
JB M ML (multi-layer perception, MLP) Ht, MLP ) 55 1
SRR TEANECR 4, BT RN ReLu, 55 2 JA 1 2890
KK 32845 B B 2 S FEIE AR NS £33 sigmoid 3%
I PREUAS B 5 26 1Y) 3 T AL R BIM., Mo(Fi) X Fin
7 G2 3k 3 TE T )AL A S B RRAE. A R R
A (3)FR:

M (F;,) = S[MLP(AvgPool(F;,))+
MLP(MaxPool(Fiy))], (3
{Fc = M (Fin) X Fiy.

Hodr, 624 sigmoid I pR %L, MLP £ /R £ JZ BRI,
AvgPool Fl MaxPool 53 | & 71 - 24 il A6 il d5e Rt AL

25 [0 B 7 O VR F XS 25 (Rl o . 5 aE
TR IR, B A RRAE Fi B 28 BE ol 32%267%460, 53 %]
HEAT I T8 4k B SR RO A A B A, 15 3 2 A4
JEE R 1x267x460 (147 [8) (o7 B 1 3 56 B B 2 >4 ) 4
N DR, 20t 77 B9 AN sigmoid U, 15 3 4E
JE 0 1x267x460 (1475 [0 KLEE 250 M, M(Fin) X Fin 32718

263k 23 18] [ 2 WL A B M RRAE . 5 R el X
(4) Fon:
M(F) =
6(Convy,([AvgPool(Fyy), MaxPool(Fy)]),  (4)
Fy=M,(F;,) X Fy,.
23 MKREH

Sk TS B g ) ity AR R I L SR R G2 T Y
75 2% APM #EAT I 25, 25 JEAS SCREHL A9 e 48 H A 2
15 B B A0 Y B T e R A5 IR, TR BUAMNEE X APM
BT AT AT 45 2% oA RS0 S fin E I Ak 29 3, IR R AR A
23 245 R 247 B 1) A% 4 B AT 52 BEXE T APM B
Y. AR S 292 Y ok I G 2 2T 1Y 7 258 NS
APM HJ Il 2.

A SR 2253 AT 55 v die A i TH 0 28 SO 4 2%
PR, BRI B o 220 5 1 B X I 4 i th AT
softmax #/E A5 3] Xf 4 A~ 2 1] 9 000 Ak 3 4, FRoR
R (5), HoH yo 7 P26 B 50 i L KRy 0 268 A
D1 5 5 28 ) S B (A S Hp K=3), softmax #4544
25 1) A WS B — SRR A R B 5 2 AP XA 1 2P
(14 25 S L0 B AR BRIV Ay die 28 1) 528 SUJR 450 2K bR B,
HoP Yoo 4 0-1 G B 1Y HLSEHR 2, WX (6) iR

J
softmax(yy,) = :’ipﬂ (5
Z Cxp(y’gm)
k=1
K
loss == Viueb(s0ftmax(y},). (6)
k=1

2.4 APM WML

i 3 A A AR X APM P 3R i B i VR F ML AT
A]f# FEPE AT, B APM R T R4 P25 1 Ja e X Jak
FVERN 5 B2, DT 35 3E APM 1A 2L 1.

APM 1EN CNN AR By —Fp R, H A fF7E 2 Fh
FE T AT AL B A i R J7 2ok TR 58 CNN Y I B8 45 -

E NI

%ﬂﬁAEE
T AL

____________________________________________

HEIEA

RS
L
g S 7 (AR
_____________ Sfh e

Fig.4 Convolutional block attention module

4 BRI



A - A AT IR R 94 T e R A S TR A A

TR R AT ALA Y f Bk R, BT 2 AE7E 3 Fh
A RARAE 2 R AE T RAL . BB S BT A . 25
T W5 w0 A A8 L T At 2 e Ak e R, 2%
T P W e ] A0 A 3 e B g Pl O T i 1 A5
S ot R R 5 2% 1) i S 4% SRR e s AR L D
AT LUK W b o A 1 BB R AR B TE AR 2 2R
PTG P S R AR 50 O 5 R, Grad-CAM 75 18
A R 2 K8 R T I R B Y, 38 TR [T 55 DL &
Z S5 F ) CNN AL RL, [R i, A SCEE #% Grad-CAM X
APM #EAT AT fi B 43 A A0 R AL

FLAF 5] APM (14 % FR PN 25 8% A1 00 i R R
K, RS APM w43 )2 i B0 R ] L e %
AT, S K BT A W RRAE B IR A & 0 7 A
K% 4535 APM /9 28 B0 K. 6 T 48 AiE B B 42 Bt
APM HAF 2 26 B B B AT X RRAE B AR W
B3 I S 1) A BT E BRI A0 45 A REAE T X
T 0 00 8 PR B B, K e 4 SR ST X it Ak U 5 B4
BIAACEE, B MR R ml DLRoR X (7)

R
ol = ZZZMyk, @)

o og 2 m 2200 ¢ TR 56 kAR AE B B X R A, Z AR
FERAPEIE BB N, w, b 23 DI RAE B i 52 1 A
I, YRR LT softmax Z i I 285 ¢ 154y, Af
TR kAR E LR G ) SO R

SRJE, K APM Hh (1 T A R AIE T 8 AT i AR A
FF A ReLu 30 pREL G- IE S 3500 1 A $(E AE
i, T BR 52 ¢ To5E T30, 25 20 5 00 B B2 i
P B T, 2 X 3R (8) . 5 45 30 B B in A 3
T 1R 5 LR A R EAT B, 3RS APM (92534
AL

K
L, ponn = ReLu (Z a;’A"> , (8)

k=1

Horh, KRR B B A5
[l #E, 0] LA Grad-CAM 3K BUR 9 45 (14 2 3%
T PEL A B 2 A e e O ) T I 245

3 XBERSHH

3.1 HiE&E
ASCfd IS B Liu % A" #2459 CQU-BPMDD #%
TR ERRAE 2B R0 11 819 TR HER Ky 2 148x

3692 f14 r [ 7y 7 b X ey S TR ) B TR AL
I 280, Y1 AL KA Ah 3 Bl 5 2853, BEMIL 16 7

707
7393
MIERS
4000 F . JIEE
3501
- 3000
;ﬁ&
= 2000
16 1464
1000 970
323
R34 ENEE3Ae IE0N
93

Fig. 5 Data distribution of CQU-BPMDD dataset
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Fig. 6 The detail structures of APM_Conv, APM_Res, APM_CBAM, APM
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Fig. 7 Adaptive perception of pavement distress region of APM_Conv, APM_Res, APM_CBAM, APM
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Fig. 8 Comparison of the results of APM_Conv, APM_Res, APM_CBAM, APM
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Tt B A7 BT R A, S BOK I 1 5 R 78 BT A7 SRR 1 Ak
HRLVEL T B IR, Talebi % A" 42 H Y Resizer il ] T
AT A R AR AT, B = I T A DG 1
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Table 1 Comparison of Experimental Results of Different Preprocessing Algorithms and Models

F1 TELGEEZSEBISIIERITLL

EABES2S RESAS Bxb
SRAESTIR Backbone iR
Kk @k FIE Kk @k FIE ik g% FIE

Bilinear 0.7193 0.678 6 0.698 1 0.467 8 0.4722 0.4700 0.794 1 0.8282 0.8108 0.7302
Bicubic 0.7002 0.696 6 0.698 4 0.5052 0.444 4 0.4729 0.797 6 0.8220 0.809 6 0.7312
Lanczos ResNet 0.7150 0.696 6 0.7057 0.4804 0.4537 0.466 7 0.8000 0.8261 0.8128 0.7342
Resizer 0.762 4 0.668 3 0.7123 0.5152 0.3796 0.436 1 0.784 0 0.9059 0.7123 0.754 5
APM(A30) 0.7679 0.714 6 0.740 3 0.5243 0.3891 0.4526 0.8154 0.903 8 0.8574 0.773 8
Bilinear 0.743 0 0.758 3 0.750 6 0.644 8 0.638 8 0.6418 0.8153 0.803 6 0.809 4 0.7677
Bicubic 0.7545 0.750 6 0.7525 0.603 4 0.648 1 0.6250 0.8198 0.809 8 0.814 8 0.768 7
Lanczos Vit 0.763 4 0.7300 0.756 3 0.6364 0.648 1 0.6422 0.803 6 0.8282 0.8157 0.769 7
Resizer 0.788 6 0.748 0 0.767 8 0.641 6 0.7129 0.6754 0.824 5 0.8384 0.8316 0.7890
APM(A30) 0.794 2 0.784 0 0.789 1 0.650 0 0.7222 0.684 2 0.846 4 0.8343 0.840 3 0.802 2
Bilinear 0.728 1 0.7712 0.7490 0.646 4 0.5925 0.6183 0.823 1 0.799 5 0.8112 0.7657
Bicubic 0.793 1 0.7429 0.7410 0.653 4 0.6111 0.6316 0.8117 0.8200 0.8158 0.766 7
Lanczos RepVGG 0.7532 0.7455 0.749 3 0.6239 0.6759 0.648 9 0.8182 0.809 8 0.8134 0.769 7
Resizer 0.7803 0.776 3 0.778 3 0.660 5 0.666 7 0.663 4 0.828 5 0.8302 0.8294 0.7910
APM(A30) 0.856 2 0.704 3 0.7729 0.6379 0.6851 0.660 7 0.807 2 0.9079 0.854 5 0.803 2
Bilinear 0.736 8 0.7557 0.746 1 0.647 6 0.629 6 0.638 5 0.8174 0.8057 0.8115 0.766 7
Bicubic 0.7539 0.740 3 0.747 1 0.638 1 0.620 3 0.629 1 0.809 6 0.826 1 0.8178 0.769 7
Lanczos Efficientnetv2 B2 0.769 0 0.7275 0.7477 0.6140 0.648 1 0.6303 0.8075 0.8323 0.8197 0.770 7
Resizer 0.7930 0.758 3 0.7753 0.622 8 0.6574 0.639 6 0.8260 0.8445 0.8351 0.790 6
APM(A30) 0.848 9 0.8162 0.8322 0.7778 0.680 5 0.7259 0.8540 0.903 8 0.878 2 0.844 7

I RARUEFR R RS

(a) Bicubici R4

(b) Resizer! WG 2 H

(c) APMBHRCR

Fig. 9 Adaptive perception of pavement distress region by APM module
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Fig. 10 Comparison between model complexity and accuracy
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20 LAFE Y, Y f ] Efficientnetv2 B2 ff & Backbone
fF, APM A b FAL 48 T R FESE L AE Top-1 Ace T 3T+
234N H 43 5, (B JE M T Resizer™ ) Top-1 Acc #2
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JECPR, FE T APM IR, Fifl BIL 36 456 A0 AR X A58 18 ) 256 38
I I REAT AR R 7R, &l 11 f .

Table 2 Comparison of Experimental Results of Different Algorithms on CQU-BPDD Dataset
&2 7 CQU-BPDD HiES F REEXHI KA R

R Backbone Top-1 Acc F1{H
Bilinear 0.7653 0.683 4
Resizer Efficientnetv2_B2 0.7816 0.692 3

APM(A30) 0.7883 0.697 4
Bilinear 0.788 5 0.7079
Resizer Efficientnet B3 0.806 4 0.7299

APM(A ) 0.846 4 0.810 4

WSPLIN-IP 0.850 0 0.7720

T AR IR e ah 4.

(a) PrRLUELGEIE

(d) A RSUR I ER

Fig. 11

(b) APM+ B2EUH R

(e) APM+ B2 2k
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(f) APM+B3#IE AR

Comparison of perception of pavement distress region of different Backbone on CQU-BPDD dataset
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